Heavy metal bioaccumulation models are important for interpreting water quality data, predicting bioaccumulation in organisms, and investigating the provenance of contaminants. To date they have been predominantly used as single-issue models, under steady-state conditions and in isolation of the biogeochemical processes that control metal bioaccumulation. Models that incorporate these processes would allow a more holistic approach to bioaccumulation modeling and contaminant assessment; however, this has been rarely undertaken, probably because it requires the integration of inter-disciplinary areas. In this study, we have developed such a model that integrates three key multi-disciplinary areas (biological, metal speciation, and bioaccumulation processes) and responds to variations in temporal external and internal forcing. Furthermore, spatial context is provided by developing the model within a simple hydrodynamic box-modeling framework. The calibrated model was able to predict with reasonable accuracy the temporal and spatial trends of soft-tissue copper bioaccumulation in a coastal oyster. This exploratory model was also used to highlight the importance of phytoplankton as an important vector of copper uptake dynamics by an oyster, therefore reinforcing the importance of the integrated approach. Finally, our model provides a framework for greater application beyond this specific example such as in the areas of waterway restoration, which has been shown to be an important area of ecological and environmental research.
INTRODUCTION
Oysters and other aquatic filter-feeding organisms are commonly used as 'sentinels of the environment' because of their ability to provide time-integrated and easily measurable concentrations of heavy metals in the aquatic environment. However, a key challenge for decision makers and natural resource managers is how to interpret this biomonitoring data in the context of understanding and managing water quality, ecological health, and pollutant provenance.
Copper, which is one of the most ubiquitous and pervasive aquatic contaminants, is found in coastal waters and sediments throughout the world (Eisler 1998) . Although copper is an essential trace element for the normal growth of molluscs (White and Rainbow 1985) , human activities are causing copper to be discharged into coastal waterways at a rate that is significantly greater than the natural geological rate (Phillips 1980) . The resulting elevated copper concentrations have been shown to have toxic effects on biota (Brand and others 1986) including oysters, which at times have turned green from excessive exposure (Lee and others 1996) .
Bioaccumulation models are a commonly used tool for interpreting existing water quality data and for predicting bioaccumulation in target organisms (Wang and others 1996) . The widespread use of biokinetic-based bioaccumulation models (Wang and others 1996; Reinfelder and others 1997; Luoma and Rainbow 2005; Goulet and others 2007) that interweave physiological rates of biota within a mechanistic framework has made bioaccumulation modeling more predictive and flexible.
It is becoming increasingly evident that the effectiveness and relevance of such contaminant assessments are improved when they are considered holistically, in the context of dynamic biogeochemical processes and in terms of spatial and temporal variability (Paquin and others 2002; Kim and others 2008; Monte and others 2009) . However, it has been commonplace to neglect the interactions and feedback processes between food webs, nutrients, and toxicant cycles and take a reductionist approach by applying them in isolation from the overall system as single-issue models (Koelmans and others 2001) .
The difficulty in developing dynamic ecosystemlevel models is in coupling 'inter-disciplinary' models together within the same framework (He and others 2001) . For bivalve filter-feeders (for example, oysters and mussels), which have been the focus of several metal bioaccumulation studies (for example, Wang and others 1996; Reinfelder and others 1997) , the combined and explicit roles of biological interactions and metal speciation are often neglected, although this is often because emphasis is on determining model parameters using laboratory-based techniques such as radioisotope analysis (Wang and others 1996; Reinfelder and others 1997) . However, it is well known that the transport, fate, and bioavailability of heavy metals are reliant on individual metal species (Moffett and others 1997) , which highlights the importance of a more integrated approach.
Currently, the studies by Kim and others (2008) and Monte and others (2009) are rare examples of an integrated modeling approach to quantifying heavy metal bioaccumulation in an aquatic organism. In the mesocosm study of Kim and others (2008) , time-varying mercury (Hg) speciation along with ecological processes (phytoplankton and zooplankton growth) are intertwined and ultimately contribute to the bioaccumulation of Hg in a clam (Mercenaria mercenaria). Similarly Monte and others (2009) presented a model (MOIRA) that could couple the physical, abiotic, and biotic processes controlling heavy metal concentrations for a lake environment. Further examples of integration are exemplified by the biotic ligand model (BLM; Di Toro and others 2000) , which provides a framework for coupling metal speciation with bioaccumulation by including biological receptors of an organism (for example, at the fish gill) amongst the complexation reactions. It is noted that the BLM is more applicable to toxicity assessments (for example, Paquin and others 2002), does not incorporate an eutrophication (phytoplankton dynamics) component and is restricted to dissolved uptake pathways (Goulet and others 2007) .
The aim of this paper is to develop and present an ecosystem-based approach to modeling copper bioaccumulation in a common coastal oyster (Saccostrea glomerata) by coupling together three key multidisciplinary areas of research, specifically a biological model that accounts for phytoplankton dynamics, a copper speciation model and a bioaccumulation model. Spatial context is provided by developing this model within a box-modeling framework. The systems approach is emphasized by the inclusion of catchment loading of nutrients and copper as well as seasonal meteorological forcing on the water column itself, an area not explicitly explored in the study by Kim and others (2008) . The model will be calibrated against water quality and biomonitoring data collected from a 12-month field-based monitoring program carried out as part of the study.
SITE DESCRIPTION
The domain for the ecosystem model is Moreton Bay (153°12¢E, 27°18¢S), a wave dominated semienclosed embayment located in southeast Queensland, Australia (Figure 1 ). It has a surface area of approximately 1,500 km 2 , an average depth of 6.3 m (Eyre and McKee 2002) and exchanges water with the ocean mainly through a northern passage between Moreton Island and the mainland (Gabric and others 1998) .
MODEL DESCRIPTION
The ecosystem-based bioaccumulation (EBB) model presented here couples together a biological model, copper speciation model, and a bioaccumulation model (Figure 2 ). The entire model was coded within R (Ihaka and Gentleman 1996; R Development Core Team 2009) , an open-source software environment for statistical computing and graphics.
For each time step (1 day), the time-varying concentrations of total copper (Cu T ), phytoplankton and particulate organic matter (POM) are calculated and input into the speciation model. The concentrations of various functional groups of copper species are then calculated and subsequently used as inputs to the bioaccumulation model where the soft-tissue copper concentration in the biomonitoring organism is calculated.
Box-Model Framework
Spatial resolution is provided through using a boxmodeling approach where the water body is divided into specific sections or regions (boxes). Each box is assumed to be well mixed both horizontally and vertically and with exchange occurring at the interface of adjacent boxes and oceanic boundaries. These exchanges are modeled using exchange rates (q i ) (Dowd 1997) and the concentration gradient between the box of interest (Q) and an adjacent box or boundary (Q 0 ):
We have restricted our model to two boxes only because of the increased calibration data requirements when using a spatially explicit model. 
Biological Sub-Model
A biological sub-model quantifies the dynamics of interaction between phytoplankton biomass, dissolved inorganic nitrogen (DIN), particulate organic nitrogen (PON), and POM. DIN is included under the assumption that Moreton Bay is nitrogen limited as highlighted by Dennison and Abal (1999) . It is also assumed here that the oysters do not influence the concentrations of phytoplankton, DIN, POM, or PON through their filtration and excretion processes. Nitrogen is cycled within the water column via phytoplankton (growth/mortality), PON (mortality/mineralization/POM), and DIN (mineralization/ growth). External exchanges with the water column are incorporated in the model through oceanic exchange (phytoplankton, PON, POM, and DIN), settlement/resuspension (POM and PON), and catchment loading (DIN).
Environmental forcing occurs through temporal changes in solar irradiance (light), water temperature, and wind speed.
Phytoplankton concentration is modeled as being dependent upon a maximum growth rate constant (l MAX ) that is adjusted for the multiplicative effects of light (fI), nutrient availability (fN), and temperature (fT):
where fN is calculated using a Michaelis-Menton function (3) with k DIN representing the half saturation constant for nitrogen uptake (mg N m -3 ).
The light limitation function, fI, is based on Steele's (Steele 1962) equation (4), where I is the surface light intensity, I k is the half saturation light intensity, z is the water depth, and k is the light extinction coefficient.
To account for the effects of algal self-shading, the light extinction coefficient, k, is modeled as a function of phytoplankton concentration using the Riley equation (see Shigesada and Okubo 1981) with k 0 representing the background extinction coefficient, k Chla is an extinction coefficient due to chlorophyll-a and a 0 is a factor for converting phytoplankton biomass (as N) to chlorophyll-a:
Temperature effects are modeled using the Arrhenius equation (Bowie and others 1985) , where h is a temperature adjustment coefficient and T REF is the reference temperature (20°C):
Phytoplankton mortality (m) is calculated using a quadratic function (7), primarily because it is considered to give more realistic behavior than constant specific mortality rates (Murray and Parslow 1999) . m 0 is the background mortality rate at 20°C, m 1 is the maximum grazing loss rate at 20°C and K P is the phytoplankton biomass that corresponds with the maximum grazing rate.
Mineralization controls the loss rate of PON and the gain rate of DIN and is modeled using a temperature-dependent rate constant (8), where min 20 is the temperature referenced rate:
A trigonometric function (9) is used to provide temporal trends for solar irradiance where T is the annual average value for the environmental parameter, T R is the annual range, t is Julian day, and t lag represents the phase difference, where t lag is the calibrated parameter.
Exchange between the sediment and the water column is based on the critical depth of mixing (L C ) that is driven by surface wind speed (U) (McEwan 1996) . If L C is less than the depth of the water column (z) then the model assumes that particulates (POM and PON) settle out of the water column at a prescribed velocity. Conversely, if L C exceeds z, then the model assumes that resuspension is the dominant exchange process (settling is assumed to cease) and that particulates are resuspended at a constant velocity from the sediment.
Under calm (low wind) conditions, POM and PON are assumed to settle out of the water column at a constant settling rate. For stronger winds, if LC exceeds the water column depth, then it is assumed that settling stops and resuspension of POM from the sediment occurs at a constant rate. It is assumed that a fixed fraction of the POM that is resuspend contributes to the PON budget.
Finally, although POM and PON are modeled separately, they do contribute to the budget of each in the sub-model. PON that is generated (phytoplankton mortality) or lost (mineralization) is, respectively, added to, or subtracted from, the POM budget.
Copper Speciation Sub-Model
A simple copper speciation sub-model was developed to quantify the distribution of different bioavailable copper species. This sub-model separates the total aqueous copper concentration (Cu T ) into the broad functional groups of dissolved and particulate phases (Figure 1 ), which are conventionally defined here by their ability to pass through (dissolved), or be retained by (particulate), 0.45 lm pore-size filter paper. The dissolved (Cu D ) and particulate (Cu P ) phases are further separated into inorganic and organic groups, as well as the cupric ion (Cu 2+ ). The particulate phase includes inorganic particles, which are represented by hydrous ferric oxides (HFO) (Dzombak and Morel 1990) , POM, and phytoplankton. A homogenous model (Gonzá lez-Dá vila and others 1995) is used for each particulate type and assumes that there is a maximum number of binding sites that remains constant and independent of pH and also assumes that all available binding sites have equal affinity for copper adsorption.
The main inputs into the speciation model are the time-varying concentrations of POM and phytoplankton calculated from the biological model and Cu T , which is modeled as a state variable that is dependent on external loading into Box 1 (Cu LOAD ), vertical exchange with the sediment, and horizontal exchange between the boxes and the ocean. Cu T exchange between the water column and the sediment follows the same principle as for POM and PON, whereby under calm (low wind) conditions, copper is assumed to settle out of the water column and for stronger winds, the direction of settlement is reversed. Copper adsorbed to POM and HFO particulates, as calculated in the speciation sub-model, are assumed to represent the settling portion of Cu T . No speciation calculations are carried out for the sediment, rather the copper is assumed to resuspend as Cu T .
The copper speciation calculations are based on the method of principal components (Morel 1983) , which requires that all species involved in the speciation reactions are written in terms of a set of principal components from which the remaining species can be derived. For example, if Cu 2+ and DOM -are selected as principal components then CuDOM + can be determined based on the formation equation:
where,
Rearranging equation (12) in terms of CuDOM + gives:
The total concentration of DOM, which is the sum of DOM -and CuDOM + , can then be calculated:
Finally, CuDOM + can then be written in terms of the principal components and the stability constant (K 1 ) by combining equations (13) and (14):
Similar equations are also derived for the other unknown species including the adsorption species. Overall, nine principal components are used (H + , Cu 2+ , Na + , Ca 2+ , HFO_OH, ALG -, POM -, DOM -, CO 3 -2 ) to estimate 25 chemical species involved in 16 reactions. The Davies equation is used to account for the non-ideal behavior of the dissolved inorganic species in the seawater (Coale and Bruland 1988) . For adsorption to particulate surfaces, temperature and electrostatic effects are ignored. Electrostatic effects have been ignored because the high ionic strength of the water shields electrical binding sites (Buffle and De Vitre 1993) .
The concentrations of the various copper species are estimated using a modified Newton Rhapson root finding method (van der Lee 1998). This approach requires that a solution vector (dC) is solved using Gaussian elimination (16), where P¢(C m ) is the Jacobian matrix consisting of derivatives of the total concentration estimates with respect to each variable, E(C m ) is the error vector representing the difference between the actual (known) and estimated total constituent concentrations and r is a 'polishing factor' used to assist in convergence. r is scaled depending on the distance from the root by comparing values of dC with their corresponding values of C (see van der Lee 1998, p. 67 ).
A critically compiled (Martell and Motekaitis 1988) database of stability constants is used in the speciation model. These stability constants are summarized in Table 1 .
Bioaccumulation Sub-Model
The oyster bioaccumulation sub-model employs a standard first-order kinetic model to quantify the copper bioaccumulation in the soft-tissue of the oyster:
The first product on the right-hand side of equation (17) estimates the uptake of copper from ingested food, where
) is the uptake rate at 20°C, fT is a temperature function (equation 6) (Richards and Chaloupka 2009) and Cu (lg l -1 ) is the bioavailable copper concentration in the water. The second product in equation (17) represents the loss pathway of copper where k e (day -1 ) is the elimination rate constant and C OYS (lg g -1 ) is the dry-weight copper concentration in the soft-tissue of the oyster. k e is not modeled as a temperaturedependent variable because the metal efflux rate in marine organisms has been shown to be independent of temperature (Mubiana and Blust 2007) .
The state equations for the 2 Box ecosystem model are summarized in Table 2 . These are based on the assumption that both boxes are subject to external loads and that oceanic exchange occurs with Box 2 only.
MATERIALS AND METHODS

Application of the Model
The EBB model was applied to Moreton Bay (Figure 1) assuming drought conditions. The rationale for this is that the biomonitoring and water quality data used to calibrate the EBB model were predominantly collected during a prolonged dry period for the region. Additionally, this approach simplifies the model by allowing an average nutrient loading rate to be assumed although it is acknowledged that this does not allow for the impact of river floods to be included, which can be a major vector of contaminants into Moreton Bay (Simon 1989; Dennison and Abal 1999) . Environmental perturbation is included in the model in the form of wind-driven resuspension, which is known to be a significant mechanism of contaminant dynamics in shallow estuaries like Moreton Bay (Dennison and Abal 1999) .
Spatial plots of chlorophyll-a (Dennison and Abal 1999) were used to guide demarcation of the regions used in the box model ( Figure 2 ) because phytoplankton is a known vector of trace metal bioaccumulation in filter feeders (Conti and Cecchetti 2003) and can also strongly regulate bioavailable copper (Liao and others 2002) . These spatial plots highlighted a strong west-east (highlow) gradient with highest values in Deception Bay, Bramble Bay, and Waterloo Bay along the northwestern shoreline and lower values to the east. Exchange rates (q i ) were approximated from residence times previously determined for the Bay (Dennison and Abal 1999) whereas the volume and mean water depth of each box were estimated from the geometry file of a calibrated two-dimensional hydrodynamic model (Bell and Amghar 2001) .
Model parameters are summarized in Table 3 . Local water temperature from the ecosystem health monitoring program (www.ehmp.org) and solar irradiance data from the Australian Bureau of Meteorology (www.bom.gov.au) were used to fit equation (9) whereas annual loading rates of TN estimated for Moreton Bay (Eyre and McKee 2002) were used to estimate daily DIN loading rates. Byrne and Miller (1985) Field Data
A field-based monitoring program was implemented in Moreton Bay to provide calibration data for the EBB model. Two-year-old oysters (Saccostrea glomerata) sourced from a local oyster lease were deployed at two locations (refer Figure 2) in the Bay over a 12-month period (2002) (2003) . At the time of deployment, five oysters were randomly selected from the total pool of deployed oysters and retained for determination of initial soft-tissue copper concentration. Following this, five oysters were collected from each monitoring site each month and analyzed for soft-tissue copper concentration. Single surface water samples were also collected during the biomonitoring period and analyzed for total suspended sediment (TSS), volatile suspended sediment (VSS), particulate copper, and dissolved copper. VSS is assumed here to represent the POM concentration.
Model Scenarios
Five scenarios of the EBB model were run based on different configurations of the bioavailable fraction of copper. Scenario 1 assumed that this was restricted to copper adsorbed to phytoplankton (CuPhy), Scenario 2 assumed this consisted of Cu-Phy and copper adsorbed to POM (Cu-POM), Scenario 3 assumed that the total pool of particulate copper (Cu P ) was the bioavailable fraction, Scenario 4 assumed that the total pool of aqueous copper (Cu T ) was the bioavailable fraction, and Scenario 5 used only the cupric ion concentration (Cu 2+ ) to calculate uptake.
The biological sub-model and concentrations of Cu T were simultaneously fit to the measured POM (this study), chlorophyll-a, DIN (EHMP 2008) , and Cu T (this study) concentrations for the two regions by adjusting the background light extinction (k 0 ), background mortality rate (m 0 ), mineralization rate at 20°C (min 20 ), settling rate, sediment resuspension rate, and copper loading rate (Cu T,LOAD ). The copper speciation sub-model was calibrated by fitting the model to measured concentrations of Cu D by adjusting the global DOM concentration for Moreton Bay and using the measured concentrations of POM, chlorophyll-a and Cu T as inputs into the speciation sub-model. The bioaccumulation sub-model was calibrated for each of the five scenarios against the biomonitoring data by adjusting the uptake k u(20) and elimination (k e ) rate constants.
RESULTS
Biological Parameters
The estimated concentrations of POM, chlorophylla, and DIN (Figure 3) provided by the biological sub-model generally reflected the spatial pattern 
An Ecosystem-Based Bioaccumulation Model observed within Moreton Bay with higher concentrations in Box 1 (northwestern region of Moreton Bay) and lower concentrations in Box 2 (the rest of the Bay). Predicted chlorophyll-a concentrations ( Figure 3A , B) agree reasonably well with the temporal pattern of higher concentrations during warmer months and lower concentrations during the cooler months, especially for Box 1. Although the predicted variability in chlorophyll-a for Box 2 also mimics the expected seasonal changes and falls within the data uncertainty bars, the magnitude of temporal change appears somewhat attenuated when compared to the data.
Predicted DIN concentrations ( Figure 3C , D) broadly agree with the measured concentrations, although there appears to be slight over-prediction for Box 2 ( Figure 3D ) when compared against the median values. It is also noticeable that the temporal variation is not well replicated for both boxes although the predicted values generally fall within the error bars.
There is broad agreement between predicted and measured POM concentrations ( Figure 3F, G) , although the temporal variability observed in the measured concentrations for POM is not observed in the predictions ( Figure 3G ). No error bars are Calibrated g Sorption factor-phytoplankton cells 9 Chang and Reinfelder (2000) available for this data as these are based on single measurements.
Copper Speciation
The performance of the speciation sub-model was assessed by comparing the predicted concentrations against those obtained using an established speciation package (PHREEQC ver2; Parkhurst and Appelo 1999) . Input conditions, speciation equations, and stability constants were the same for both models including the specification of copper complexation with particulates (phytoplankton, POM and HFO) as ionic exchange and the use of the Davies equation to account for non-ideal behavior of the modeled species. An output summary (Table 4) indicates that the EBB speciation sub-model generally provided estimates of the various copper species that were consistent with those obtained using PHREEQC. The observed discrepancies between the two models are due to discrepancies in the calculated activity coefficients. This was most evident for Cu 2+ where the EBB sub-model estimated an associated activity coefficient (c Cu2+ ) of 0.263 whereas PHREEQC estimated a value of 0.104. Re-running the EBB speciation sub-model with c Cu2+ set at 0.104 produces estimates that are near identical to the PHREEQC estimates.
The predicted concentrations of Cu T for each box are comparable to the respective measured concentrations (Figure 4) , although the apparent temporal variability in the measured data is not Input conditions: Ca = 1.067 9 10 -2 M, Na = 4.863 9 10 -1 M, C = 1.021 9 10 -7 M, ALG = 2.22 9 10 -9 M, POM = 1.597 9 10 -8 M, HFO_sO = 3.195 9 10 -8 M, DOM = 3.514 9 10 -8 M, Cu = 3.104 9 10 -8 M, Ionic strength = 0.64, pH = 8.200.
An Ecosystem-Based Bioaccumulation Model well replicated. The predicted speciation patterns across the two boxes highlight that copper speciation is dominated by complexation to DOM and absorption to POM and to a much lesser degree, adsorption to phytoplankton. The concentration of copper adsorbed to HFO material is approximately four orders of magnitude lower than associated with DOM and POM whereas the average cupric ion concentration estimated for Box 1 and Box 2 were 5.0e-14 M and 2.6e-14 M, respectively.
Copper Bioaccumulation
The deployed oysters were characterized by obvious spatial and temporal trends in soft-tissue copper ( Figure 5 ). The oysters deployed near the mouth of the Brisbane River (Box 1) showed a clear bioaccumulation pattern, initially showing a rapid increase in copper accumulation over the first approximately 120 days with the dry-weight soft-tissue copper concentration reaching a maximum of about 320 lg g -1
. Between days 120 and 280, the soft-tissue copper concentration remained reasonably constant before increasing again towards the end of the deployment period. Conversely, the oysters deployed within Box 2 did not show any discernable bioaccumulation and actually appeared to decrease (depurate) towards the end of the deployment period.
The results of the bioaccumulation model indicate all modeling scenarios are able to generally replicate the temporal and spatial variability of the measured soft-tissue copper concentrations (Figure 5 ). The models were all able to replicate reasonably well the initial rapid increase in copper over the first approximately 120 days, the period of approximate equilibrium between days 120 and 300 and then a secondary increase in copper after 300 days that characterize the biomonitoring data for Box 1. The model slightly underestimated for Box 1 and similarly overestimated for Box 2 and this is more noticeable when the copper uptake mechanism is Cu T or Cu
2+
. Figure 6 presents comparisons of the predicted versus actual copper concentrations for the five modeling scenarios and highlights that the most consistent predictions (with respect to the measured concentrations) are obtained for scenarios 1-3. The poor alignment at higher Cu concentrations (Box 1) highlights the inability of the model to reflect the more rapid temporal changes in the bioaccumulation data. Figure 6 reaffirms the progressive underestimation (Box 1) and overestimation (Box 2) of the bioaccumulated Cu especially for the higher ordered scenarios.
The uptake and elimination kinetic rate constants for the five modeling scenarios are presented in Table 5 . The value for k u(20) obtained when the uptake pathway was restricted to Cu 2+ is several orders of magnitude higher than obtained for the other scenarios. Values of k u(20) were similar for scenarios 2 and 3, and slightly lower for when the total copper pool (Cu T ) was assumed to contribute to uptake. Conversely, values of k e were similar across all five scenarios.
DISCUSSION
Integrating Speciation, Eutrophication, and Bioaccumulation
We have presented here an ecosystem approach to the dynamic modeling of copper bioaccumulation in a common biomonitoring species by integrating metal speciation, phytoplankton dynamics, and oyster bioaccumulation within a dynamic temporal domain. The EBB model allowed the roles of phytoplankton as both regulator of copper speciation and mechanism of copper bioaccumulation to be included in the overall assessment. Historically, such modeling in marine environments has been applied in isolation from the overall system, often in controlled laboratory conditions and under steady-state conditions that do not reflect the dynamic changes that occur in the natural environment. It is clear that an ecosystem-based approach requires an integration of multi-disciplinary skills and this could be a contributing factor to the dearth of these types of models.
There is a paucity of existing models that couple heavy metal speciation with phytoplankton and bioaccumulation calculations, the study by Kim and others (2008) being a notable exception. In their model, they were able to assess the dominating role that sediment-bound mercury (Hg) played in controlling the Hg bioaccumulation in phytoplankton and subsequently the bioaccumulation in a filter-feeder (clam). However, the (2009) presented an ecosystem model (MOIRA) that could predict the behavior of contaminants, including heavy metals, in freshwater systems through coupling hydrologic, abiotic and biotic processes together in a similar manner as presented here. Their explicit focus was on the environmental fate of radionuclides rather than heavy metals and therefore it is not clear how well their model assumptions and underlying model structure would transfer to metals, especially those metals with complex speciation characteristics such as copper.
The BLM (Di Toro and others 2000) is an existing framework that does integrate metal speciation and bioaccumulation and explicitly accounts for the concentration of the free-ion form of a metal (for example, Fe 3+ , Cu 2+ ), which is widely acknowledged as the most bioavailable and toxic form (Moffett and others 1997) . However, the BLM is constrained to modeling dissolved metal species, does not explicitly include dietary routes as an uptake pathway (Goulet and others 2007) and is more applicable to toxicity assessments because it focuses on metal chelation at specific sites (for example, Paquin and others 2002). As indicated here and shown in other studies (Wang and others 1996; Reinfelder and others 1997; Rainbow 2005, Goulet and others 2007) , bivalves and other aquatic organisms can derive much, if not most, of their metal bioaccumulation from the particulate phase.
Model Performance
The model was calibrated by fitting it to a spatiotemporal dataset consisting of chlorophyll-a, POM, DIN, Cu T , and oyster-copper data and adjusting a suite of EBB model parameters. The calibrated parameters observed here for background mortality rate (Bowie and others 1985; Chapelle and others 2000) , background light extinction coefficient (Scott 1978; Lee and Rust 1997) and mineralization rate (Bowie and others 1985; Dowd 2005) and DOM (Hirose 1994) are consistent with other studies. The settling rate compares favorably to some literature values (Dowd 2005) , although it is an order of magnitude lower than for others (Chapra 1997) . Settling rate is an aggregated parameter that incorporates many influencing factors such as particle shape, size and density, the viscosity and density of the water itself along with the water column flowfield and therefore a range of values for this parameter is not unexpected. An implication of a lower settling rate (than might actually exist) would be underestimating the flux of copper to the underlying sediment.
The copper elimination rate constants, k e , estimated for the five modeling scenarios are comparable to those previously observed for copper and oysters (Scanes 1996; Lim and others 1998) .
Comparison of k u with the literature is problematic because it is inherently site-specific and typically not measured in many studies (Chang and Reinfelder 2000; Richards and Chaloupka 2009) .
The performance of our model was highlighted by our ability to reflect the temporal trends in the bioaccumulation data with reasonable accuracy. In particular, the model was able to reproduce the general bioaccumulation pattern observed in the oysters deployed in Box 1, which was characterized by general stages of accumulation (days 1-100; 250-350), equilibrium (days 100-220), and depuration (days 220-250). Such variation might reflect effects such as temperature-dependency (Mubiana and Blust 2007; Richards and Chaloupka 2009) , which is accounted for in the model, and reproduction cycle (Robinson and others 2005) , which is not. The relative consistency in model fit, seemingly irrespective of the uptake pathway used (Table 5) is because the biaccumulation sub-model does not quantify the role of different uptake pathways but rather aggregates them within a single rate constant. The effectiveness of the model is then dependent on the values obtained for the kinetic rate constants, in particular k u . However, as mentioned previously, it is problematic to compare k u with literature values because it is so contextspecific. This issue could be addressed by adopting a bioenergetic approach (Reinfelder and others 1997) that explicitly accounts for the physiological feeding responses (clearance and ingestion rate, assimilation/absorption efficiencies, and pseudofeces production rate), although this would greatly increase the parameterization requirements of the bioaccumulation sub-model. Modification of the model to a bioenergetic framework is seen as a natural progression in developing the model further.
The EBB model replicated the spatial gradient of bioaccumulated copper concentrations (refer Figures 5, 6 ) with reasonable accuracy with higher concentrations predicted for Box 1 compared to Box 2. It was noticeable that the accuracy of the spatial representation declined when the copper An Ecosystem-Based Bioaccumulation Model uptake pathway was based on Cu 2+ or Cu T . Interestingly, the predicted spatial gradients for Cu (Cu T , Cu P , and Cu D ) appeared to be slightly accentuated compared to the measured data (Figure 4 ) but did not result in similarly accentuated spatial differences in the soft-tissue copper predictions ( Figure 5 ). This is perhaps an indicator that the copper-uptake pathways adopted for scenarios 2-4 were not reflective of the actual dominant uptake pathways that were occurring. The poorest representation of the spatial gradient occurred when the uptake route was restricted to Cu 2+ (scenario 5). For bivalves, bioaccumulation from direct uptake of Cu 2+ will be limited because it is predominantly chelated to biologically inert dissolved organic matter (Gonzá lez-Dá vila and others 1995). However, it is important to consider that the amount of copper associated with seston is influenced by the Cu 2+ concentration and therefore indirectly controls particulate-phase uptake. The best agreement in the spatial and temporal trend occurred when the uptake pathway was restricted to phytoplankton only, which is consistent with the strong evidence that phytoplankton is the dominant mechanism for metal uptake in bivalves (Wang and others 1996; Reinfelder and others 1997) .
Model predictions of the water quality indicators (chlorophyll-a, DIN, POM, Cu D , Cu P , and Cu T ) appeared somewhat mixed when compared against the measured values. The estimates of Cu 2+ concentrations, which were of the order of 1e-14 M for both boxes, are representative of concentrations found in estuarine waters (Midorikawa and Tanoue 1994) . For bivalves, which can also accumulate copper from their dietary uptake (that is, food), bioaccumulation from direct uptake of Cu 2+ will be limited because it is predominantly chelated to biologically inert dissolved organic matter (Gonzá lez-Dá vila and others 1995). However, it is important to consider that the amount of copper associated with seston and DOM is influenced by the Cu 2+ concentration and therefore indirectly controls particulate-phase uptake.
Spatiotemporal predictions for chlorophyll-a compare favorably with the measured concentrations whereas DIN predictions predominantly fall within the error bands of the measured concentrations. However, it is noticeable that the temporal variation in the measured data for DIN, POM, Cu D , Cu P , and Cu T is not evident in the model output. We believe that the effects of numerical dispersion (Liao and others 2002) due to using two boxes to represent spatial resolution coupled with assigning constant boundary conditions for these variables are partly responsible for this. Dowd (2005) showed that far-field concentrations could be important in influencing pelagic state variables within a system, however, in our model we chose to use constant boundary conditions for simplicity and because of data availability. Our modeling results should also be evaluated in the context of both the monitoring data and the exploratory nature of our model. As is previously stated, time series for POM, Cu D , Cu P , and Cu T are based on single monthly surface-water measurements that are used to represent the conditions throughout the two boxes. These one-off measurements are therefore coarse representations of the ambient conditions within Moreton Bay and do not convey the variability of concentrations that are actually occurring.
Consistent with the objectives of our study of developing an EBB model, what we present here is a first iteration of that ongoing process. There is an obvious need to further develop the biochemical processes that are occurring in the sediment such as metal speciation and exploring the potential contribution of inorganic fines to the nutrient cycling. It also appears necessary to improve the spatial resolution of the model, both vertically and horizontally, to reduce the effects of numerical dispersion and depth-averaging. The module-based method used here entails that other heavy metals could be incorporated within the model with relative ease while the oyster bioaccumulation model could be refined to include greater representation of the physiological responses of the oyster itself, including its impact on the copper (or other metal) and nutrient budgets. Finally, there is a need to obtain improved calibration data to compare the model predictions to.
Further Application of the Ecosystem Model
We have demonstrated our dynamic model by focusing on the interaction between copper, a common pervasive contaminant in many of the world's waterways (Eisler 1998) , and oysters, one of the most commonly used biomonitoring organisms (Reinfelder and others 1997) . The EBB model provides a framework for greater application beyond this specific example such as in the areas of waterway restoration (Jackson and others 2001) . For example, our model could be used to address questions like 'how many oysters would be required to restore a system to some prior condition?' and 'would nutrient addition to a contaminated system increase metal sequestration in the food chain and to the sediments?' The utility of this is demonstrated by Jackson and others (2001) who highlighted the historical importance of oysters in Chesapeake Bay to filter the entire water column every 3 days. Subsequent removal of oysters through harvesting led to algal blooms and siltation of the system. As our model focuses on heavy metal speciation, inherently it would be applied to situations of restoring systems contaminated by metals. However, it would be relatively straightforward to incorporate standard oyster feeding and growth dynamics (Casas and Bacher 2006) into the ecosystem model to account for particulate filtration.
CONCLUSIONS
The EBB model presented here successfully integrated the multi-disciplinary areas of metal speciation, eutrophication, and bioaccumulation modeling. This model has also been developed so that predictions of metal bioaccumulation are made in response to dynamic temporal and spatial changes in the biogeochemical environment. Overall, the model was able to replicate actual water quality and biomonitoring data with acceptable accuracy both in the temporal and spatial domains and has strong potential for application in areas of waterway management such as restoration modeling.
